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Technological advances in wearable computing are changing the sports domain. A variety of Personal 
Informatics (PI) tools are starting to provide support and improve athletes’ performance in many sports. In 
this paper, we interviewed 20 amateur and elite athletes of different disciplines, using an array of PI 
devices, to explore how sports, as well as athletes’ experience, are affected by such instruments. We 
discovered that amateur athletes present different patterns of usage compared to elite ones. Moreover, we 
found that elite athletes make sense of their data by exploiting the knowledge they have about their own 
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1. INTRODUCTION 
Technological advances in wearables and the increasing offer of self-tracking 
instruments are opening new possibilities for Personal Informatics (PI) tools, “those 
that help people collect personally relevant information for the purpose of self-
reflection and gaining self-knowledge” [Li et al. 2010]. More and more data can be 
automatically collected, forecasting a future when PI systems could be applied to a 
variety of domains, from healthcare to fitness, from entertainment to learning. 
Among these, the sports context appears to be very promising for PI. Athletes are 
used to monitoring themselves, by using a variety of means, from objective measures 
and performance tests [Currell and Jeukendrup, 2008] to conversations with coaches, 
questionnaires and self-reports [Saw et al. 2015b]. PI technologies might ease this 
process allowing them to track their performances, tailor their training to their 
physical condition, and provide new knowledge on their body.  
Despite the increasing attention that HCI granted to the sports domain [Ishii et al. 
1999; Slovák et al. 2012; Pijnappel and Mueller 2013; Mauriello et al. 2014; Mueller 
and Muirhead 2015; Kosmalla et al. 2016], the integration of commercial self-
tracking technologies into sports practices has received limited attention. With 
remarkable exceptions [Tholander and Nylander, 2015; Wakefield et al. 2014], the 
impact of the growing availability of instruments for collecting personal data on 
sports has not yet been widely explored. Actually, taking into consideration how PI 
instruments are used within sports practices is important for two reasons. First, it  
shows how PI tools are transforming specific life domains. Despite an increasing 
understanding of how self-trackers track, we know far less about how these 
technologies are used in particular contexts and communities of practice. Previous 
research mainly focused on the act of tracking per se, rather than connecting it with 
the users’ characteristics, often exclusively stressing purposes of behavior change 
[Rapp & Tirassa, 2017; Rapp et al., 2017].  On the one hand, focusing on tracking per 
se has narrowed our perspective on the PI phenomenon. On the other hand, it 
reduces our capability to design PI tools for novel and specific contexts, where 
individuals have preexisting habits and goals. Second, focusing on how PI 
instruments are used within sports practices could show how a specific user group 
successfully integrates self-trackers into their daily practices, finding them useful for 
their situated needs. Despite the enthusiastic market predictions [IdTechEx 2014], 
there is a growing skepticism about the real capabilities of PI tools to provide 
individuals with concrete benefits [Maddox 2014; Hunter 2014]: a recent research 
reports that one third of the Americans that purchased a tracker abandoned it after 
only six months of use [Ledger and McCaffrey 2014]. Athletes, on the other hand, 
keep track of their performances for prolonged periods. Thus, studying  “successful” 
applications of these technologies provides insights on how we can design better tools, 
also outside the sports domain.  
Therefore, our work aims at providing the following contributions.  
- To describe how amateur and elite athletes integrate PI tools into their sports 
practices, showing how some individuals better exploit PI instruments thereby 
suggesting “best practices” to be supported in novel designs.  
- To outline relevant themes regarding how the current availability of personal 
data is modifying the sports context and the athletes’ self-perceptions. This could also 
be relevant in order to understand how PI tools are changing important aspects of 
our everyday life.  
                                                                                                                                                                           xx:3  
                                                                                                                                         
 
ACM Transactions on xxxxxxxx, Vol. xx, No. xx, Article xx, Publication date: Month YYYY 
- To propose a series of design considerations that will open spaces of reflection for 
future research in PI, thereby providing insights on how to design PI tools for specific 
domains. 
The article is structured as follows. In Section 2, we outline the previous studies 
related to PI tools usage. In Section 3, we describe the method employed in our 
research, while, in Section 4, we expose its findings, highlighting some themes that 
may be of interest for the domain of our study. Section 5 discusses our results. 
Finally, Section 6 proposes a series of considerations for design. Section 7 concludes 
the article. 
 
2. BACKGROUND 
2.1 Personal Informatics, physical activity, and sport 
Self-monitoring, the act of recording one’s own behavior, has been used for a long 
time in clinical settings [Foster et al. 1999; Korotitisch and Nelson-Gray 1999], both 
to collect information on behaviors that only the patient can observe continuously (e.g. 
eating, or smoking), and to modify behavior by exploiting its reactive effects. 
Reactivity refers to the phenomenon whereby the mere fact of recording behavior 
causes the behavior to change [Nelson and Hayes 1981]. In the sports domain, self-
monitoring has been reported as a means to improve the athletes’ performances 
[Kirschenbaum et al. 1982], to guide training, to detect any progression towards 
negative health outcomes and associated poor performances [Saw et al. 2015a], and 
to stimulate greater self-awareness and self-regulation in order to “learn from your 
mistakes” [Oliver et al. 2010]. Athlete monitoring provides coaches with a greater 
degree of certainty when prescribing and adjusting training loads [Saw et al. 2015b], 
reducing the risk of overtraining, injury and illness [Coutts and Cormack 2014; 
Taylor et al. 2012]. Athletes can monitor performance and physiological and 
biochemical parameters, as well as use self-reported measures such as 
questionnaires and diaries [Halson 2014]. However, the implementation of athlete 
monitoring requires an investment in terms of time and efforts to obtain, analyze and 
effectively utilize the data [Saw et al. 2015b]. The current diffusion of PI tools may 
ease this process, by lightening the burden of self-monitoring [Rapp and Cena 2014]. 
PI research has its roots in life logging projects [Cheng et al. 2004; Gemmell et al. 
2006; Mann et al. 2004], even though self-tracking instruments can be dated to the 
spread of weight scales at the beginning of the 20th century [Crawford et al. 2015], as 
well as of pedometers in the early fifties [Tudor-Locke and Bassett, 2004]. Only in the 
last ten years, however, academic research aimed at designing PI systems for 
therapeutic and behavior change purposes, particularly focusing on the physical 
activity domain. Chick clique [Toscos et al. 2006] keeps track of the number of steps 
that are taken each day to motivate teenage girls to exercise; UbiFit Garden 
[Consolvo et al. 2008a] uses a wearable device and a mobile display to encourage 
users to do more physical activity; Open Heart Helmet [Walmink et al. 2014] gathers 
data about the cyclist’s heart rate and displays them to others in order to enable 
social interplay and engagement through the physical exertion activity; Habito 
[Gouveia et al. 2015] employs goal setting, contextualized cues, and textual feedback 
to improve a tracker that aims at changing individuals’ behavior toward a healthier 
lifestyle; Into [Ahtinen, Huuskonen, and Häkkilä, 2010] presents physical activity 
data as a virtual trip on a map-based game world, in order to make such data more 
understandable. By and large, Ahtinen [2015] provides a wide overview of 
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applications aimed at supporting physical activity, as well as design strategies to 
improve them.  
Moreover, new sensing technologies to detect, recognize and monitor a variety of 
data, concerning our current domain of investigation have been experimented. 
Michaelles and Schiele [2005] used wearable sensors to collect data about 
professional skiers’ motions, such as force, rotation, or acceleration. Lapinski et al. 
[2009] exploited an array of wearable Inertial Measurement Units (IMUs) to measure 
and track the performance of professional baseball players. Stamm et al. [2013] 
attempted to measure the swimming velocity using an accelerometer attached to the 
swimmer’s sacrum. Kooyman et al. [2013] used a gyroscope to capture swings in golf. 
Zhou et al. [2016] developed a soccer shoe, using smart textiles to detect the 
interaction between the players’ foot and the ball. Sundholm et al. [2014] employed a 
textile pressure sensor matrix that can be integrated into exercise mats to recognize 
and count gym exercises. Finally, Kosmalla et al. [2015] developed a wearable device 
that automatically recognizes climbed routes using wrist-worn IMUs. 
Besides academic research in activity recognition, the recent availability of 
commercial wearable devices and applications for self-tracking boosted the popularity 
of PI among a variety of users and for goals other than promoting a healthier lifestyle. 
Not only the Quantified Selfers [Marcengo and Rapp 2014], i.e. a class of users 
extremely engaged in tracking personal data, but also a wider population have now 
access to this kind of instruments [Rapp and Cena 2016]. Among these, amateur and 
elite athletes can find devices aimed at collecting data about specific parameters, as 
well as more generic information, such as location, number of steps, kilometers 
travelled. Wearables like Garmin Forerunner (running, triathlon), Suunto Ambit3 
Vertical (e.g. ski mountaineering), Power Meter (cycling), and OptimEye S5 Catapult 
(team sports) are starting to provide specific support and improve the athletes’ 
performance in a variety of sports.   
This varied landscape prompts some research questions: How do athletes 
integrate this kind of devices into their sports practices? Are there differences among 
different athletes and different sports? Do athletes collect and manage data 
differently with respect to other self-trackers? Does quantifying the sports practice 
affect training routines and races? Does self-tracking affect body perception, 
interpersonal relationships and subjective experience? By and large, answering these 
questions allows us to “learn” from the sports domain, widening our perspective on PI 
phenomenon, and potentially leading to insights that may inspire the design of novel, 
more useful and engaging PI tools. 
 
2.2 Understanding PI users 
Until now, research on commercial PI instruments focused on how different users use 
such technologies in their everyday life. Li et al. [2010] first surveyed individuals 
that collect information about themselves to investigate the issues that they may 
encounter in this activity, proposing a model of PI use. In a subsequent work, Li et al. 
[2011] further explored the potential issues raised by the usage of PI devices, and 
found that people lack adequate support to allow reflection over the long term. 
Rooksby et al. [2014] pointed out that tracking is often social and collaborative and 
that there are different styles of tracking: 1) directive, to achieve a goal; 2) 
documentary, to document activities 3) diagnostic, to connect different parameters 
together; 4) collecting rewards, to collect incentives; and 5) “fetishized”, purely out of 
an interest in data or technology. Fritz et al. [2014] showed how long-term trackers 
have a strong attachment to their devices, stressing that they are highly motivated 
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by numerical feedback, goals and rewards provided by the devices they used. Choe et 
al. [2014] further investigated an “extreme” user group, the Quantified Selfers, 
describing how even these individuals, very experienced in tracking, encounter 
barriers in collecting and managing their personal data. 
Although not specifically connecting them with the PI discourse, Lazar et al. [2015] 
investigated how “smart devices” (i.e. wearables) might be abandoned by their users, 
because they do not fit with the their conceptions of themselves, their maintenance 
becomes unmanageable, and the collected data are perceived as useless. Rapp and 
Cena [2016] further studied the tracking practices of people without any previous 
experience in self-tracking, finding that such individuals consider the act of collecting 
data burdensome and not sufficiently rewarding, they want to play with their 
personal information, and are driven by curiosity and serendipity. 
Different studies focused on various aspects of PI. However, research has mainly 
focused on generic categories of self-trackers (expert, long-term, inexperienced) using 
PI instruments especially for behavior change goals [Rapp & Tirassa, 2017]. Even 
those studies that explored self-tracking with reference to documentation of behavior, 
achievement of social benefits, and curiosity [Epstein et al., 2015a], did not strictly 
tie it to specific user groups’ goals, situated needs and communities of practice, 
integrating their use into particular activities. As a result, we know a lot about the 
act of tracking per se, but far less on the use of these technologies within specific 
domains. 
 
2.3 Understanding PI use among athletes 
Previous work only incidentally connected PI tools to sports activities, by involving a 
minor quota of participants who are accustomed to self-track in order to improve 
their physical performances (e.g. running), or by recruiting users that track for 
fitness goals. However, they did not focus on how these technologies may present 
peculiarities when used for sports purposes. Recently, Tholander and Nylander [2015] 
tried to fill this gap, by asking three elite and seven recreational endurance athletes 
to describe how they used their GPSs equipped with heart rate monitors in their 
training practices. They reported that technology plays both an instrumental role in 
measuring performance and feeding data back to athletes, and an experiential role in 
supporting and enhancing the sports experience, allowing them to have a closer 
connection to their bodily experience. Previously, Wakefield et al. [2014] interviewed 
eight amateur endurance athletic coaches who tracked some types of athlete-related 
data, showing that it is important to track athlete-specific contextual factors such as 
injuries, illnesses, sleep, stress, and mood, as they allow coaches to tailor their 
training programs.  
These studies represent a first step in the exploration of the athletes’ practices in 
using self-tracking instruments. However, they only give limited insights on this 
topic, due to their particular research setting. First, they mainly involved amateur 
athletes leaving out elite ones, which, instead, could allow deeper analyses on how 
self-tracking technologies impacts on sports experiences. Tholander and Nylander 
[2015] did recruit three elite athletes, but the small sample size and its homogeneity 
(all of them were members of the Swedish national team of orienteerers) prevented 
the possibility of outlining a nuanced and multifaceted picture of the phenomenon. 
Moreover, they did not specify and discuss their inclusion criteria in the “elite 
athletes” category. To differentiate recreational (i.e. amateur) athletes from elite ones, 
they used the number of weekly training hours (recreational athletes unspecified, 
elite athletes 15-20 hours), and the number of training sessions per week 
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(recreational athletes 3-7 sessions, elite athletes 9-13 sessions). However, the 
training load appears insufficient to define an elite athlete, since other factors might 
be relevant to distinguish the athletes’ level of expertise [Swann, Moran, & Piggott, 
2015]. Moreover, the authors did not differently present, discuss and compare the 
results coming from the two user groups. Second, they only considered endurance 
sports, including a limited number of disciplines: Tholander and Nylander [2015] 
actually did not specify the main sport of their participants (apart from the three 
orienteerers), while Wakefield et al. [2014] focused on track & cross country, 
triathlon and cycling coaches. Finally, the kinds of PI data collected by their 
participants were limited: the former study was almost exclusively focused on heart 
rate information, while most of the coaches interviewed in the latter were not using a 
PI device, but were keeping track of their athletes’ performances through Google docs 
or pen and paper. Moreover, Tholander and Nylander [2015] did not frame the 
discussion of their findings in the PI discourse. 
To summarize, although these studies provide some insights on how self-tracking 
is carried out in the sports domain, a research that investigates how athletes, and 
specifically elite ones, integrate PI technologies into their sports practices is in need. 
This would allow HCI researchers to understand how tracking technologies can 
respond to situated needs and goals. It would also show a “successful use case” of 
these technologies, since athletes appear to be highly motivated to use their tracking 
devices. Accordingly, we interviewed a variety of athletes in different disciplines, at 
different levels of expertise, and collecting different types of PI data. 
 
3. METHOD 
To investigate the impact of PI technologies on athletes’ practices we interviewed 20 
Italian athletes using semi-structured interviews. 
 
3.1 Sample 
We recruited 20 participants (mean age=31,7; SD=6,5; females=8) through recruiting 
emails and snowball sampling. We split the sample into two groups. The first group 
(mean age=32,5; SD=6,9; females=5) was composed of 12 elite athletes (E1-E12). To 
define an athlete as elite and classify her level of “eliteness” we followed Swann et al. 
[2015], considering the athlete’s highest standard of performance, achieved successes, 
and years of experience at the athlete’s highest level, as well as the competitiveness 
of sport in the athlete’s country, and global competitiveness of sport. The inclusion 
criteria were that athletes 1) had been using one (or more) self-tracking device for at 
least three months and were still using it, 2) had competed at least nationally during 
their career, 3) had had successes at least at regional level, and 4) were still involved 
competitively in sports events. Based on the classification system proposed by Swann 
et al. [2015], five of the athletes were classified as competitive elite, five were 
classified as successful elite, and two were classified as world-class elite. The second 
group (mean age=30,4; SD=6,1; females=3) was composed of eight amateur athletes 
(A1-A8). The inclusion criteria were that they 1) had been using one self-tracking 
instrument (or more) for at least three months and were still using it, 2) were 
exercising at least three times a week, and 3) were spending at least five hours a 
week practicing; even though competing at amateur level was not required, five 
participants participated in amateur tournaments.  
To increase the heterogeneity of the phenomenon under study, we included 
different sports in our sample, also recruiting non-endurance athletes. For endurance 
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sports we mean “a sports activity by individual—i.e., non team—athletes in which 
key muscles are exercised at submaximal intensity for prolonged periods of time” 
[Segen's Medical Dictionary 2011]. In this category we included swimming, cycling, 
triathlon, ski mountaineering, cross-country skiing, alpinism and trekking. The non-
endurance sports, instead, included soccer, free climbing, and sprint running. Finally, 
we also took into account the collection of different kinds of data. See Table 1 and 
Table 2 for the sample composition. 
All participants owned a smartphone: they all used regularly the applications and 
mobile internet access on their phone. All participants were open to technology. 
However, only two amateur athletes were focused on technology (i.e. they worked in a 
technology company or studied technological disciplines) and they were also 
moderately adept at data analysis or statistics. Reasons for participation in the 
research were mixed. Some participants wanted to talk about the devices they were 
using, others about their sports experiences, others were interested in both aspects. 
Almost all participants were relatively affluent, educated and numerate. The 
soccer players stopped studying in middle school. Four athletes held a high school 
diploma, ten a bachelor’s degree, and four a master’s degree. Background information 
was collected through a preliminary phone interview. 
 
Table I. Sample – Elite Athletes 
Elite athletes 
ID Highest 
standard of 
performanc
e 
Success at 
the 
athlete’s 
highest 
level 
Experienc
e at the 
athlete’s 
highest 
level 
Sport PI Tool Exper
ience 
of use 
Main data 
collected 
E1 2nd tier 
professiona
l league 
Success at 
2nd and 3rd 
tier 
8 years Soccer Polar Heart 
Rate Monitor  
2 
years 
Heart rate  
E2 2nd tier 
professiona
l league 
Success at 
2nd and 3rd 
tier 
7 years Soccer OptimEye S5 
Catapult  
2 
years 
Distance, 
sprints, 
position 
E3 Internation
al level 
Success at 
2nd and 3rd 
tier 
10 years Long-
distance 
running 
Garmin fēnix 3 
HR 
 
10 
years 
Time, 
distance, 
routes, 
pace, 
heart rate 
E4 National 
level 
Success at 
2nd and 3rd 
tier 
5 years Long-
distance 
running 
Timex Ironman 
Trainer GPS 
with  CARDIO 
T5K575 
4 
years 
Time, 
distance, 
pace, 
heart rate 
E5 Internation
al level 
Sustained 
success in 
intern. 
competition 
6 years Cycling Garmin fēnix 3 
HR;   
Power Meter 
7 
years 
Time, 
distance, 
speed, 
heart rate, 
watts 
E6 Internation
al level 
Sustained 
success in 
intern. 
competition 
4 years Free 
climbing 
Moonboard 
application 
1 
years 
Boulders  
E7 Internation
al level 
Sustained 
success in 
intern. 
competition 
8 years Ski 
mountain
eering 
Suunto 
Spartan; 
Suunto Smart 
Sensor 
12 
years 
Time, 
altitude, 
distance 
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E8 Internation
al level 
Sustained 
success in 
intern. 
competition 
12 years Cycling Suunto 
Spartan; 
Power Meter 
 
8 
years 
Time, 
distance, 
speed, 
watts 
E9 National 
level 
Success at 
2nd and 3rd 
tier 
15 years Cross-
country 
skiing 
Garmin 
Forerunner 
735XT; Suunto 
Ambit3 
Vertical;  
15 
years 
Time, 
altitude, 
heart rate, 
position 
E10 Internation
al level 
Sustained 
success in 
intern. 
competition 
5 years Ski 
mountain
eering 
Suunto Ambit3 
Vertical; 
Suunto Smart 
Sensor 
4 
years 
Time, 
altitude, 
heart rate, 
position 
E11 National 
level 
Success at 
2nd and 3rd 
tier 
14 years Sprint Garmin 
Forerunner 
735XT 
11 
years 
Time, 
pace, 
heart rate 
E12 Internation
al level 
Sustained 
success in 
intern. 
competition 
3 years Ski 
mountain
eering 
Suunto Ambit3 
Vertical; 
Suunto Smart 
Sensor 
3 
years 
Time, 
altitude, 
heart rate, 
position 
 
We aligned the sample size to the common practices in qualitative research 
[Marshall et al. 2013] and to other HCI studies with similar design and purposes [e.g. 
Li et al. 2011; Rooksby et al. 2014; Lazar et al. 2015]. However, our sample followed 
the theoretical saturation principle first recommended by Glaser and Strauss [1967]: 
in other words, the decision of settling for 20 participants came when we realized 
that additional data would not have produced substantial new results for the aims of 
our study, following a data saturation criterion [Bowen, 2008]. 
 
Table II. Sample – Amateur Athletes 
Amateur Athletes 
ID Profession Weekly 
workouts 
Competitive 
amateur 
events 
Sport PI Tool Experie
nce of 
use 
Main Data 
collected 
A1 Information 
Technology 
Consultant 
6 times / 
week 
National Triathlon  Garmin 
Forerunner; 
Garmin Edge; 
Garmin 
XT800; Soft 
strap heart 
monitor 
7 years Speed, 
pace, heart 
rate, 
calories, 
steps, 
sleep, 
stroke 
count/rate, 
routes 
A2 Teacher 2-3 times 
/ week 
none Alpinism  Garmin 
Forerunner 
235 
3 
months  
Position, 
steps, 
distance 
A3 Office 
worker 
2 times / 
week 
none Trekking 
 
Garmin Vivo 
Active HR 
3 
months  
Distance, 
heart rate, 
sleep, 
calories, 
steps 
A4 Technical 
office 
personnel 
3 times / 
week 
none Middle-
distance 
running 
Garmin fēnix 
3 
2 ½ 
years 
Distance, 
altitude, 
routes, 
steps, sleep 
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A5 Insurance 
Broker 
7 times / 
week 
Local Swimmin
g  
Garmin Swim 7 years Lengths, 
pace, 
distance, 
stroke 
count/rate, 
calories 
A6 Manager 6 times / 
week 
National Triathlon Garmin 
Forerunner 
910XT 
8 years Speed, 
pace, time, 
distance, 
routes, 
strokes 
A7 Office 
worker 
3-4 times 
/ week 
Local Free 
Climbing 
Moonboard 
Application 
3 
months 
Boulders 
A8 Freelance 
professional  
6 times / 
week 
National Sprint Forerunner 
310XT 
2 years Pace, time, 
distance, 
calories 
 
3.2 Procedure 
The interviews were qualitative and semi-structured. They lasted between 40 and 70 
minutes with an average of 58 minutes. Sixteen were conducted face-to-face, while 
four were completed via Skype.  
Interviews aimed to develop an understanding of each athlete’s orientation 
towards (i) their sports experience, (ii) their use of self-tracking devices, and (iii) how 
such use produced effects, if any, on their sports practices. We began by asking 
participants to describe the role of sport in their life, the meaning and the value they 
ascribed to it, and their “career” as athletes. Then, we asked them to outline how self-
tracking devices were integrated into their sports practices as well as their habitual 
modalities of use. By elaborating along these themes, we asked participants to reflect 
on the impacts the devices had on their workouts, races, and social relationships. 
We paid close attention to the terms they used to describe their experiences. We 
left participants free to explore unforeseen themes in the initial list of questions and, 
when necessary, we prompted them for clarifications with examples coming from 
personal histories.  
Participants were not compensated for their participation. Each interview was 
audio recorded and transcribed verbatim for subsequent analysis. The data analysis 
followed open and axial coding techniques [Strauss and Corbin 1990] to link the 
collected qualitative data to the research questions. The analysis was inductively 
oriented. Findings were coded independently by the first and the second author who 
generated initial codes: data were broken down by taking apart sentences and 
paragraphs and by labeling them. Then, we reviewed the results segment-by-
segment to assess consistency in defining the beginning and end of segments as well 
as the application of codes within segments [MacQueen et al. 2008]. All 
inconsistencies were discussed and resolved. The resulting codes were grouped and 
labeled independently by the two researchers, and then compared to solve 
inconsistencies. 
 
4. RESULTS 
None of the participants reports interruptions, temporary or otherwise, in the use of 
their instrument, showing continuity and perseverance both in their daily data 
collection and in the long term. Moreover, both groups report minimal barriers 
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concerning their device. The most common problem is physical discomfort: this is 
relevant to specific sports (e.g. wearing a bracelet when climbing interferes with 
movements and the device can be easily damaged). Three amateur athletes also 
highlight problems in their data display asking for more immediate visualizations to 
allow for intuitive comparisons among different information. However, despite these 
rare concerns, they all describe their usage of the devices, during both workouts and 
races, focusing on their benefits, much more than on their shortcomings. Elite 
athletes, instead, report almost no issues in using their trackers. 
We did not find relevant differences with reference to the use of self-tracking 
devices between endurance and non-endurance athletes. Instead, some of the 
individual differences we found were due to the peculiarities of specific sports (e.g., 
cycling allows athletes to look at their PI instrument even during the race). The most 
important differences, however, can be observed between amateur and elite athletes.  
We will now outline the four main themes that emerged from the analysis. We 
will focus on how athletes make sense of their data, as well as how such data impact 
on their experience and on the sports domain. In the last sub-section of each theme 
(i.e., 4.1.3, 4.2.4, 4.3.3, and 4.4.3) we will elaborate on the results in order to discuss 
aspects that might be relevant for the design of future PI tools. In doing so, we will 
refer to the theoretical framework of constructivism, which has its roots in the works 
of Piaget, Bruner, and Goodman [Perkins, 1991]. Whereas cognitivism embraces an 
objectivist perspective on reality, and the goal of learning is to map the structure of 
the world onto the individual [Jonassen, 1991], constructivism sees knowledge as a 
function of how the individual creates meaning from her own experiences: the mind 
elaborates what it perceives in the world to produce its own unique reality [Ertmer & 
Newby, 2013]. In other words, what the mind knows is meaning-laden entities, and 
meanings can only be subjectively construed by it [Clancey, 1997]. Conversely, mind 
itself is actively constructed by the individual by acquiring new (self)knowledge. 
Often paired with the phenomenological approach in psychology [Rapp & Tirassa, 
2017], which also stresses the subjective nature of our experience [Husserl, 1969], 
constructivism might help to understand how athletes make sense of their data. 
 
4.1 Patterns of use 
Most of the amateurs (6 out of 8) started to track out of curiosity and then found 
benefits in constantly monitoring themselves, noticing visible impacts on their 
performance. Elite athletes, instead, began their use of trackers mainly for 
convenience, when sport became a “serious matter” in their life: most of them (9 out 
of 12) emphasize the comfort provided by these tools. Both amateurs and elites access 
their data in more than one way: They visualize them directly on their devices, 
especially during workouts, while exploring them more in-depth by using their 
personal computer or smartphone, usually in the evening, after a training session or 
a race, or on weekends. 
4.1.1 Exploratory use: Amateurs seek novelty and discovery 
Several amateur athletes (5 out of 8) monitor a variety of data and seem interested in 
elaborating on them, looking at their correlations. A1 and A6, for instance, wish for 
more advanced functionalities that would allow for greater flexibility in combining 
the tracked variables: “there are some screens where there are two axes and two 
variables, I’d like to have the possibility of changing some variables… but it’s only out 
of curiosity, to see something different”, reports A6, highlighting how this need is 
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often moved by a desire for discovery. A1, instead, has his own solution: “I used 
ConnectStats on the iPad to have more elaborated graphs than those of the Garmin. I 
also used Excel to calculate the estimated time in the cycling part of the ironman… I 
made a sort of combination between my speed on the flat and uphill to understand the 
equivalence between the two velocities”. The remaining amateurs (3 out of 8) pay 
attention to a limited set of parameters, but sometimes enjoy exploring different data 
or functionalities of their device.  
The exploratory use that all amateur athletes often make of their data appears, at 
first sight, to be aimed at increasing their self-understanding, allowing them to 
explore the factors that could influence their performance. However, on a closer look, 
PI tools do not provide a real guidance on how to select, compare, or interpret the 
collected data: these athletes have a serendipitous attitude, whereby no precise or 
stable objectives drive the exploration process. For example, half of the amateurs 
show interest in collecting data about calories, steps and sleep. However, they 
acknowledge that this has no immediate effects on their sports activities, because of 
the limited precision of the reporting instrument (calories), or due to difficulties in 
understanding the correlations between sleeping habits and performances: such 
information is explored in certain occasions to find novelties, or surprising patterns. 
For amateurs, comparing, analyzing, and elaborating data appear to be more a 
“combinatory game” than a means to deepen their knowledge. 
4.1.2 Focused use: Elites pay attention to past data, trends, and anomalies 
Elite athletes focus, instead, on the parameters and features that they consider 
important, leaving all the rest aside. E5, for example, thinks that “if you want, there 
are features that allow you to plan the workouts, but I don’t use them so much… I 
don’t find them useful, I use my feelings, I mean, I have a schedule for the trainings, 
depending on the period, I follow it, but I manage it”. E9, instead, reports a shared 
opinion among the elites (10 out of 12): “honestly I don’t elaborate so much on the 
data, because I don’t have time”. Elites have their own consolidated habits, which 
they do not want to disrupt, and exhibit an extremely focused use of their device.  
During trainings, they all consider mainly the heartbeat and two or three 
supplementary parameters depending on the sport they practice (e.g. altitude, 
velocity and GPS position in ski mountaineering) in order to respect the target goals 
they have (e.g. remaining below a certain threshold). After the workout, most of the 
elite athletes (11 out of 12) compare the collected data longitudinally. In doing so, 
they look at their past data, even going far back in time, a practice that is less 
common among amateurs. E8, for instance, stresses that “I go back over my data even 
three or more years”, while E7 “I went as far as eight years back looking through the 
data”. Comparison with past workouts makes the data valuable for two reasons. First, 
it allows elites to bypass inaccurate information or missing values: they make sense 
of their data by considering differential variations and recurrences over time, more 
than by looking at “absolute” and singular values. Second, comparisons allow them to 
detect trends, which provide projected values in the future. Elites connect the 
variation of their performances over time with the workload and their perceived 
physical condition, in order to forecast their future performance: E3, showing her last 
year stats, explains “These data give me a snapshot about what happened to myself 
from season to season. This year I increased my threshold of 4 heartbeats... It goes 
hand in hand with the reduced sense of fatigue I experienced in the last months. This 
means that I worked well and that I should keep at it”. 
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During races the device is almost not used, as we will see below, but after the race, 
almost all the elites (10 out of 12) look at anomalies, such as peaks and valleys, in 
their “target” parameters. They, then, try to relate such data to the context in which 
they occurred, for example using the path registered by the device’s GPS. About her 
last race, E10 recounts how she extracts value from the collected data: “I only 
searched for the peaks in my heartbeat. The firsts occurred in the first quarter of the 
race, I could precisely retrace the altitude and where I was on the map, so I 
remembered that I was trying to overtake the athlete in front of me, it was normal... I 
try to figure out an explanation for each anomaly in the data”. When they are not able 
to find a plausible reason behind a singular anomaly, they discard it as a possible 
device error. Conversely, if peaks or lows are recurrent, they dig until an explanation 
is found. Elites, then, turn “numbers” into meanings by retracing the reasons behind 
them and formulating precise hypotheses for their variation: this is made possible by 
connecting the data to a context, and by exploiting the knowledge they have about 
their sports practice and their own body. Such knowledge, which might also take the 
form of body sensations, as we will see below, is essential to make sense of the data.  
To summarize, while elites exhibit a focused use of their devices using a very 
limited set of data and functionalities, such as those that aggregate information over 
long periods of time in order to detect seasonality, amateurs appear to be engaged in 
an exploratory use of their tools, often showing an interest in the data per se. 
4.1.3 Constructing knowledge 
The sports context allows us to see how certain technologies diversely impact 
different categories of users, even in the same domain. The differences in how PI 
devices are used by amateur and elite athletes can be retraced to the different 
knowledge they have developed while practicing their sport. 
Elite athletes have a deep understanding of themselves, as well as of their 
discipline, gradually built through their personal experience, i.e. their continuous 
attempts to reach their physical limits and to exploit their body’s potentialities. 
Moreover, this knowledge has been co-constructed with other professional athletes 
and coaches within the community of practice to which they belong, enabling a 
continuous learning. Learning is constructed in the experience, through the 
interaction with the environment [Maturana & Valera, 1980] and "through 
membership in a community of practitioners; and mastery is an organizational, 
relational characteristic of communities of practice” [Lave, 1991, 64]. Trackers 
contribute to develop athletes’ knowledge, e.g. by providing them with fixed measures 
to which anchor physical sensations. However, as we will see in the following sub-
sections, sense-making of data is based on the entire history of previous knowledge 
that athletes have built [Clancey, 1997]. This knowledge allows elites to select useful 
data for their situated purposes (e.g. trends), to decide what habits they should 
maintain despite the many features offered by their trackers (e.g. workouts planning), 
to develop workarounds to make sense of imperfect data (e.g. discard singular 
unexplained anomalies), and to understand when it is necessary to rely on objective 
measures and when to rely on subjective perceptions (e.g. during races). In other 
words, when they look at their data they see a thick description instead of mere 
numbers, because the data are actively (re)constructed by their knowledge. Moreover, 
for them data are only one among many sources of information to be taken into 
account when training and competing. Data are used instrumentally to achieve their 
own situated goals, and often play only a marginal role. 
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Conversely, for amateurs, sport is an important matter but they are not engaged 
in  continuous exchanges with their “peers”, they do not have a coach, and they are 
not immersed in a “cultural milieu” related to their discipline. As a result, their 
knowledge is developed to a lesser extent: this turns the use of PI tools into an 
exploratory practice, where no guide is present and data are “read” as intrinsically 
valuable numbers. This is not a bad thing per se. Amateurs are satisfied with their 
trackers, which positively affect their performance. However, this approach to the 
data might jeopardize the achievement of long-term goals, such as the construction of 
a deeper understanding of the athlete’s body, the emergence of an awareness of her 
physical limits, and the development of knowledge about her discipline. The risk is to 
excessively “quantify” a given practice, fetishizing the data and missing the true 
meaning they actually bear.  
What is important for PI research, therefore, is that the shared knowledge that is 
actively constructed by individuals within a community of practice –sport, health, or 
work communities – seems to be fundamental in yielding a “successful” integration of 
PI instruments into everyday life. Knowledge allows users not to be overwhelmed by 
data, as well as to easily interpret them. When we design devices for a specific 
domain, and not for a “general” tracker, more or less keen on self-monitoring, we 
should ask ourselves how we can favor the construction of such knowledge. 
 
4.2 Body: Data and sensations 
Amateur athletes track themselves to have an objective measure of their physical 
condition, to which they compare their daily performance in order to improve. A1, for 
instance, reports that such devices provide him with “an awareness that you couldn’t 
have before […]. That is, if you’re doing the same workout and you’re swimming at the 
same speed, understanding time after time whether your heartbeats are different, this 
can tell you, in a very deterministic manner, whether you’re well-trained or not, 
whether you’re particularly tired or not”. A4 adds that by using the tracker “you have 
objective data”. The emphasis on the objective and deterministic nature of the 
collected information signals trust: almost all amateurs (7 out of 8) see in their device 
a valuable help to enhance their sports results and are very keen on allowing it to 
regulate the rhythm of their workouts. Amateurs think that the variables measured 
by their instruments are reliable indicators of their performance. They believe, for 
instance, that reducing the “number” of heartbeats recorded by the heart monitor 
entails an immediate improvement of their performance. 
All elite athletes, instead, appear not to accept uncritically the measures given by 
the instruments they use. They seem to question the objective validity that some 
physiological data may have for their sports practice. Not relying on the objectivity of 
data means that elites need other elements, coming from their own subjective 
experience, when they need to assess their performance, especially during races. E10 
explains that “During the race, I try not to look at it... I try to train my sensibility 
towards my sensations, to know how I’m doing, whether I’m going too fast, or too 
slow”.  
4.2.1 Athletes might use data to learn how to “read” their sensations 
The concept of sensation is recurrent among all the elite athletes, while it is 
occasionally mentioned by only two amateurs. E4 notes that the device may help in 
understanding sensations, especially when the athlete starts practicing a sport: “the 
device helps you understand your sensation. When you do a workout and you have 
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certain sensations, and you check the heart rate, if you’re within the zone and you 
know how you feel, then you try to memorize it, and then when you are in a race or a 
workout, and you’re without the heartbeat [tracker], you try to understand in which 
zone you are, if you’re in a medium that you can manage for the whole race. Or you’re 
beyond, and then it’s better to slow down… The watch helps you understand… You 
have to make some tests on yourself… before completely relying on sensation it’s good 
to have the watch to give you some baselines”. This opinion is shared by other seven 
elites. The tracker can help an athlete build a deeper knowledge of her body, 
providing a fixed benchmark to which the sensations connected with a specific heart 
rate level can be compared: sensation, here, is sort of a “tool” to better understand 
one’s own physiological processes, and the tracker can help learning how to use this 
“tool”. More precisely, an anchor is needed initially to reduce the extreme variability 
of the body perceptions to a common ground. Data provided by the tool can then 
“teach” the athlete that different body sensations can be retraced to the same 
physiological condition, e.g. a certain heart rate zone: for example, the athlete learns 
that, when she is pushing too much, the body sends signals that may differ from time 
to time, depending on the context (e.g. the weather) and her physical preparation. 
Gradually, the athlete becomes aware that her body can provide more fine-grained 
information about each performance. In other words, the body becomes meaningful, 
and the data are turned into a supplementary source of information, e.g. to assess the 
physical condition over extended periods, as we have seen above.    
4.2.2 Sensations embed a knowledge that data cannot represent 
Actually, most of the elite athletes (10 out of 12) specify that “sensation” has a wider 
meaning that goes beyond the feeling of being in a certain heart-rate zone: sensation 
exceeds what the instrument is able to record. E7 stresses that “the watch is a 
machine and measures your activity as if you were a machine, but the human body… 
there is a mental part and other mechanisms that the watch can’t compute”. While E3 
goes further into detail: “To use sensation means that I search some reference points 
in my body, the rhythm of the hair on the shoulders, how the foot hits the ground, if 
it’s heavy, or more round… I can feel it from the push of the arms, how I’m working, 
even from the sound of the air on my ears”. This additional information is momentary 
and contextual to a specific situation, and can also be referred to the athlete’s 
perception of the external conditions (the environment and the opponents). For 
example, E3, remembering a recent race, highlights that she often regulates her 
rhythms on the basis of her opponents: “when I’m near someone, I try to understand 
what I can do on the basis of my and her breathing… if I feel that I have my breath 
under control, and I feel that the other person’s breathing is more labored, from the 
sound of her breath, I have some possibilities to try to wear her out with actions that 
can be more or less strong”. E1 further explains that in sports like soccer, a complete 
quantification of the performance is impossible, because the outcome of a team is 
affected by variables that go beyond the physical preparation of the single athlete. 
Such information, therefore, is presumed as undetectable by the device, and when 
elites need to assess a specific performance or monitor their physiological parameters 
in an important occasion (i.e. races) they prefer to rely on this “subjective” knowledge. 
This is the reason why several elite athletes (7 out of 12) keep a diary of their 
sensations: E3 reports that “I have the habit of writing a diary, so I can also write the 
sensations tied to the specific performance that I did”. Diaries allow to “translate” into 
words a form of implicit and intuitive knowledge that would otherwise be lost. 
Writing is a means for objectifying something that is extremely subjective, so as to 
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make it available for further reflections. Elites athletes that register their sensations 
use them to enrich their past data: by remembering how they felt in a particular 
period of the year they understand the reasons behind their performances, and 
assess their past physical condition better than if they only had their device records. 
However, such habit is not shared by all the elites, since several of them (5 out of 12) 
find this task too burdensome to be regularly kept in the long term. 
4.2.3 Solely relying on objective data impoverishes the athlete’s experience 
This gap between the “objective” measure of the device and the “subjective” feeling of 
the sensation is so evident that elite athletes highlight the risks of exclusively relying 
on the collected quantitative data, a risk that they observe especially in the amateurs. 
E11 emphasizes that “it happens to see athletes, non-professional athletes, athletes of 
the next generation… you tell them ‘run slow for an hour’ and they’re not capable of 
running slow because they don’t have a reference, they don’t have the watch that can 
tell them that they’re running slow, they can’t manage themselves”. The narrower 
vision that the device seems to produce may also undermine the athlete’s 
performance during the race. This is a reason why the majority of elite athletes 
prefer not to wear, or at least not to look at, the tracker during competitions. E10 
well explains how “there are so many factors in a race that can mess up the heartbeat 
a bit, that I don’t want to be influenced… So many times you feel good and you push 
forward, and maybe the heartbeat goes beyond the rate that you think you should keep, 
and maybe by looking at the watch you get frightened thinking that the rhythm that 
you’re keeping is wrong, when maybe your body is actually adapting itself and 
basically everything is going well”. An exception to this shared attitude can be found 
in cycling: here the availability of the power meter, an instrument that measures the 
work the cyclist is doing with her legs, which is directly tied to her performances, 
may waive the constant focus on sensation. Talking about it, E8 notes that it allows 
for predictions on the evolution of the race: “It provides information truly grounded in 
your performance… Your weight is such, you exert such force on the pedals and you go 
at that speed […] if I know that my threshold is 390 watts, and I begin the rise to 390 
watts, I know that for 40 minutes I can keep it, and I’m never wrong”. However, the 
use of such devices is not exempt from hidden costs: in E8’s words, shared also by E5, 
it clearly appears that “It becomes a bad thing, because you become truly a machine. 
And it’s a bad thing because sport, in my opinion, must be a little romantic, must 
value sensations too”. 
To summarize, if amateurs deeply believe that the objective measures collected by 
their devices are the most important thing to be considered when assessing their 
performance, elites know when it is necessary to trust in their subjective sensations 
more than in the numbers provided by the PI tools. 
4.2.4 The mechanical body 
Although most PI instruments are primarily addressed to detect and collect body 
signals, previous empirical studies on PI users paid little attention to how the body 
and its perception may be affected by self-tracking. Exceptions might be found in 
Rooksby et al. [2014], who only incidentally noted that PI devices may tie into body 
image problems, and Lazar et al. [2015], who highlighted how trackers may be 
uncomfortable for the body. This gap has been apparently filled by Tholander and 
Nylander [2015]: they stressed the notion of feeling, which emphasizes a variety of 
felt dimensions in the athlete’s practice in relation to her body.  
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Our findings, instead, point to the wider notion of sensation. On the one hand, this 
term embraces a series of physical perceptions that amateur athletes need to learn to 
regulate their body reactions: trackers may help them develop this knowledge, as E4 
well explained. On the other hand, sensation assumes a wider meaning for elite 
athletes, referring to all those perceptions that cannot be captured by computational 
means: computation actually risks transforming the body into a mechanical entity, 
constrained to respond to the incoming data within a continuous and unavoidable 
feedback loop [Ruckenstein and Pantzar 2015]. 
What we want to highlight here is that all the benefits, in terms of increased 
performances, that PI technologies are promising to bring in the next years might 
meet a counterbalance in the impoverishment of the athlete’s self-understanding, as 
well as in her loss of agency and control over her body. Lupton [2013] highlights that 
trackers appear to extend the capacities of the body: however, they conceptualize it 
not as a “sensing organ through which one gains self-knowledge but, instead, a data 
generating device that must be coupled to sensor technology and analytic algorithms 
in order to be known” [Schüll 2016, p. 10]. As a result, on the one hand, technology 
constructs a totally quantified, objective, and “aseptic” body knowledge where data 
substitute “meaningful” body experience. On the other hand, the repository of body 
knowledge shifts from the internality of the subject to the externality of the device, 
entailing the athlete’s subservience to technology [Lupton 2012].  
The threats described here are also important for all those contexts where PI 
devices are currently transforming physiological processes into  information fluxes. 
In the health domain, for example, the quantification of the patient’s whole body may 
jeopardize her living experience, moving to the background her visceral sensations 
(e.g. pain, or her sensations about her illness), in favor of a medical practice based 
solely on “pure” data. As a consequence, this would make the patient’s voice less 
heard, dehumanizing the doctor-patient relationship. 
 
4.3 Social practices: Sharing with and presenting to others 
4.3.1 Amateurs share their data to connect with significant others  
Amateur athletes often train with their friends, significant others, or colleagues so 
that their sports experience becomes a shared one. Trainings are usually fitted in 
between their working schedule, e.g. at lunch time, or just before returning home. 
Time, frequency and modality of training appear to be dependent on these athletes’ 
social networks to a certain extent, as amateurs often coordinate with others, or 
decide to postpone a workout on the basis of their personal needs. In this perspective, 
self-tracking devices might become a means to strengthen a relationship, whereby 
data become shared meanings that support communication and enjoyment in 
spending time together. It must be noted that most of the amateur athletes (6 out of 
8) share their data mainly with friends or significant others. This is framed as a 
playful and recreational activity, where the aim is not to compete but to have fun. A3, 
for example, exchanges her data only with her partner: “We look at our data on the 
website, or we directly compare them on our devices. There’s also this feature for 
sharing data between us. […]. Then, I tell him to do the same trail in my same 
conditions, [...] and then we will compare our data. But it’s only a game, to make fun 
of each other”. While A4, who runs mainly with his colleagues, explains that “yes, we 
joke. For example, we’re in the factory and there are people that have our same device, 
and we see that they’ve done this and that. Maybe there’s one colleague that’s in the 
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top five of a segment and then we tell him ‘ah you’re in the top five!’ but we’re only 
joking around”. Data here do not matter for their intrinsic value, i.e. because they 
represent a performance, but are reinterpreted as material to play with; devices, 
instead, are used to connect people, especially when they are not physically present 
in the same place. 
4.3.2 Elites share their data to convey a specific image of themselves 
A different, more nuanced and somehow strategic attitude toward others can be 
found in elite athletes. They do not train with their significant others. Actually, most 
of them (8 out of 12) train mainly alone, while the remaining ones work out with 
other athletes at more or less the same level. They are well disciplined and strictly 
comply to their workout program. In other words, their daily routine is built around 
their training schedule. The device connects them with a social network of other 
elites, without extending to the sphere of personal relationships, which do not 
influence their sports activities at all. The social milieu in which trackers are used, 
therefore, is different from that of the amateurs. 
The majority of elites (11 out of 12) use the social features of their devices 
instrumentally, to obtain information to exploit during the races, to expand their 
connections, or to convey a specific image of themselves. This is mainly due to the 
competitive frame in which they move. In such a frame, sharing data becomes a 
means to acquire more visibility, rather than to affirm friendship. E4 and E9 well 
exemplify how the application’s social features may be used to develop new 
“instrumental” social relationships: “Yes, I’ve enlarged my circle, uploading the 
results of what I’ve done to Strava or Garmin Connect [...]. And then, maybe they 
[other athletes] start following me, and send me a message, or maybe befriend me on 
Facebook, just because we share the same sport”, says E4.  
The competitive frame entails that data are never exposed without a careful 
consideration of their public impacts. E7 explains that “you have people following you, 
and maybe you’re doing a workout and you achieve a strong result, people see it, 
because there’s a leaderboard and all the rest”; so when the athlete goes to the 
competition she cannot say “‘Oh I’m so tired, I didn’t exercise’. Instead, now if you are 
on Strava, you cannot tell them that you didn’t work out”, E7 adds. The exposition of 
the “truth” about the athlete’s physical condition and performances implies the 
search for tactics aimed at concealing the “real” data, or misleading the competitors. 
This attention increases as the level of eliteness of the athletes raises, as confirmed 
by most of the successful and world-class elite participants (6 out of 7). E8, for 
instance, says that “you can share your workouts and hide your physical parameters. 
I mean, I publish the kilometers, the distance, but who sees that cannot know my heart 
rate… you know, one cannot lay all the cards on the table”. Therefore, some kinds of 
data are considered more revealing of the athlete’s physical condition than others, 
and professional athletes carefully select what is advantageous to share and what is 
better to hide. In fact, trackers support such strategic perspective on data, allowing 
to share only the information that the athlete wants to publicly display. Such 
functionalities are considered fundamental by the world-class elites, since the active 
construction of the athlete’s public data sets may also help in creating a public image 
of the sportsman, in order to tell a story in which others may project themselves. E7 
explains that some athletes publish an “enhanced” version of their performances 
through posts on social network sites: “‘I made 300000 kilometers this week’… That’s 
just some bullshits, they say it to create the myth, to create the legend [...] But for 
someone who doesn’t know the discipline in deep… it might appear an amazing 
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result”. Therefore, the possibility of deceiving others through the selective sharing of 
data sets, or the posting of exaggerated narratives, is part of the active construction 
of the athlete’s public identity, as well as a “game strategy”. 
4.3.3 Social identities 
Although many commercial and research PI applications include social features 
[Epstein et al. 2015b], empirical studies highlighted that PI users show different 
attitudes towards sharing. Fritz et al. [2014] emphasized that trackers are inclined to 
compare their data with peers in order to motivate themselves. Rooksby et al. [2014] 
stressed that personal tracking is often social, and PI users often track with families, 
friends and coworkers. Rapp and Cena [2016], instead, highlighted that 
inexperienced self-trackers prefer not to share their personal information, fearing the 
possibility of losing control upon it. Tholander and Nylander [2015] showed that 
athletes had difficulties seeing any personal value or purpose in sharing features, as 
physiological differences between individuals make it difficult to compare and 
interpret someone else’s heart rate.  
Our results highlight a different aspect: amateurs and elites ascribe different 
meanings to sharing, as they exchange their data within different social contexts. 
This leads to the construction of different identities, as different social relations yield 
different ways of defining both the individual’s self and that of the other [Andersen, 
Chen, & Miranda 2002; Kelly, 2005]. Amateur athletes build the use of their devices’ 
social features on their existing intimate relationships, using data sharing to 
increase opportunities for intimacy while doing sport. Sharing, here, contributes to 
present their “true self” to significant others. Elite athletes, instead, see sharing 
through a utilitarian lens: data exposure becomes a means for concealing their “true 
self” and conveying a carefully and intentionally designed identity to achieve goals 
that pertain to the sports practice. They use the data to move competition from a 
physical level (that of performance) to an intellectual/strategic one (that of deception), 
where the “other” is constructed not as a “friend”, but as a “rival” or an “audience”, 
within a competitive relation. 
These practices, which resemble the Quantified Selfers’ sharing practices 
intended to create and express their identity [Sharon and Zandbergen 2016], point to 
how individuals might “reappropriate” their data, overcoming the designers’ 
intentions. While PI design often focuses on providing a greater accuracy of the 
collected information [Mackinlay, 2013], elite athletes show that it might not be a 
primary concern. Actually, accuracy may represent a counterproductive feature 
exposing the athlete’s weaknesses; whereas in other domains, such as work, a 
constant flux of accurate data could turn into a regime of surveillance. On the one 
hand, this attitude towards data accuracy might lead to reframe the design of PI 
tools in a variety of contexts, allowing users to manipulate their data to convey the 
self-image they want to expose. On the other hand, supporting the malleability of 
data could help “amateurs” understand that data are not fixed entities and valid per 
se, but could be used and modified to achieve their situated goals. 
 
4.4 Being coached 
4.4.1 Amateurs are self-coached and do not find concrete training support in their device 
Most of the interviewed amateur athletes are self-coached (6 out of 8), since they do 
not consider themselves “good enough to have a real coach”, in A3’s words. For them, 
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the device seems to be the only external help they have. A6, for instance, says that “It 
gives you the possibility of recording your previous workout and then you can compare 
yourself with that, you have that ghost that shows you whether you’re behind or ahead 
of it”. Apart from the occasions in which they share data for fun or connectedness, 
thus, their data collection, exploration, and interpretation are mainly solitary 
practices. Amateurs use their data as a support for better tuning the training, but 
this activity is carried out on their own. Actually, some of them (5 out of 8) wish for a 
greater active support from the tool that should somehow fulfill the role of a real 
coach. A4, for instance, stresses the importance of having “something that tells you 
‘ok, keep this rhythm’, or ‘you’re below the rhythm that you need to achieve your 
goal’… maybe the current devices are lacking on this aspect”.  
The ones who do have a coach (2 out of 8) do not hold a professionalrelationship 
with her. A1 says that “he isn’t an official coach, he does me a favor”, and A5 further 
explains that “he’s a sports doctor, now he’s following me for the medical 
examinations and sometimes he gives me some suggestions. I see him once a year and 
sometimes I call him”. This kind of relationship only allows the athletes to consult 
their “coaches” sporadically: data exchange with them, then, is limited to exceptional 
occasions. A5 says that “I send him my data only when there are unexpected drops, 
but it rarely happens”. For these amateur athletes, the tracker fulfills the function of 
a messenger that can register and report some important information, e.g. anomalies 
or significant progressions, which may justify a considerable change in their training 
programs. 
This lack of “training support” from their device is associated with the exploratory 
use we have described in Sub-section 4.1.1. To tune their trainings, most of the 
amateurs only have the “objective data” to trust. When they correlate information or 
formulate hypotheses about their performance, they have to proceed through trial 
and error. This process, nonetheless, leads to wandering, rather than to develop new 
training strategies and a deeper self-knowledge experience.  
4.4.2 Elites review their data together with their coaches 
For professional athletes, instead, trackers can mediate the relation they have with 
the coach. All elite participants, except one, have a coach. In most cases (9 out of 12), 
the athlete sends the data to the coach, they look at the data together, and finally the 
coach defines a new training. Coaches consistently follow elites, developing all their 
workouts. 
Commonly, at the end of the week, the athlete reports whether she exactly 
followed the coach’s instructions, or diverted from them, e.g. due to her physical 
condition (“not because this week my heartbeats don’t rise”, E12), to allow the coach to 
understand whether the assignments worked or not, and avoid overtraining. Then, 
the athlete and the coach start reviewing the data together: E10 says that “she has 
my account’s password and she checks everything… if she sees that I’ve done this and 
that, she asks me the reason for it, if there was anything particular… what kind of 
sensations I had… and then we review the data together”. This review process 
consists in connecting all the data that might be relevant (for example because they 
present anomalies) with the sensations experienced by the athlete. This information 
is crucial to ascribe meanings to data: on the one hand, athletes help coaches 
contextualize the numbers; on the other hand, coaches help athletes explain why 
certain sensations are connected with certain variations in the data, contributing to 
develop their body knowledge. E11 explains that the first time he reached and 
maintained 175 heartbeats, his coach told him that “it means that we trained better, 
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that your body is more rested and in a better shape, we must keep it”. Whereas E3 
stresses how her coach made her understand her limit by “feeling my body... he told 
me ‘push until you have an iron taste in your mouth, this is your limit’”. This advice 
also impacted on how she later interpreted her data, since she started considering a 
high heart rate a significant “alarm” only when paired with that physical sensation.  
Although this process is initially led by the coach, as the athlete’s experience with 
the device increases the two parts collaborate more, exchanging hypotheses on the 
data. E7 describes a recent episode that is recurrent in most of the participants’ 
recounts (7 out of 12): “it happened last month... my coach was pretty sure that I 
wasn’t keeping the heart-rate threshold because I wasn’t pushing as I could... I 
hypothesized that it could have been related to the fatigue coming from the last 
season... This made him understand how tired I was and read the data differently”. 
Besides the solitary practice of displaying and interpreting data, then, elites pursue a 
shared understanding, where meaning is built in the constant confrontation with 
their coach; in turn, such confrontation contributes to develop the knowledge that 
elites precisely need to read their data on their own. An exception (2 out of 12) is 
represented by those cases in which the interpretation is totally driven by the coach. 
E1 and E2 both highlight that in their team data are held by the coach, and the 
athletes do not have direct access to them. E2 explains that “he downloads the data, 
looks at them, controls them”. Here, the coach is the gatekeeper of the collected data 
and decides what data are relevant, how they should be read, and how to make them 
actionable: “he explains to me whether I run well or not [...] if I looked at the GPS, at 
the downloaded data, I wouldn’t understand them as much, and honestly I’d have to 
ask him what is good and what is bad”, as E1 stresses. 
Finally, the coach defines the training for the subsequent week. To set a 
personalized workload, the coach usually starts from a target parameter, which 
might vary from sport to sport, but is commonly represented by the heart rate: “on 
the basis of our heartbeats, he defines a program to make us work on specific aspects” 
E2 says. For example, by working on intensity rather than on resistance through an 
increase of the number of twitches, E2 further adds. In doing so, the tools’ data are 
not used alone, but connected with the information about the previous workouts and 
the athlete’s sensations, as well as with the overarching athlete’s goals. E12, for 
instance, explains that “this year I have the objective of reaching the podium in the 
world championship. My coach distributes the workload over the year keeping this 
goal in mind”.  
Elite athletes never question assignments, they show a total trust in their coaches’ 
advices, following their instructions literally. E10 explains: “I’m an automaton. If he 
says ‘keep running for two hours at 145 heartbeats’ I do it’”. However, what is 
important here is that trainings are assigned not in the form of mere numbers, but 
often explained in their rationale, so that the athlete figures out the reason behind 
the coach’s choices: “he defines a scale, with some averages, for each of us. He doesn’t 
give us just numbers, he has a scale built on our workouts, and he tells us if we were 
below, above, or within our averages”, E1 explains. 
The “typical” elites’ training path we outlined above shows how data are turned 
into meanings and made actionable within a collective interpretative frame, where 
both the coach and the athlete contribute to build a knowledge base that enables a 
fruitful use of the tracking devices. 
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4.4.3 Interpretative power
The relationship between athletes and their coaches represents an important part of 
the sports activity. Wakefield et al. [2014] found that amateur athletic coaches feel 
that it is important to know athlete-specific contextual information, in order to 
evaluate, adapt, and improve the athlete's training. In our study, we pointed to the 
athletes’ interpretative goals rather than to the coaches’ information needs. While 
most of the amateur athletes are not used to lean on the advices of a coach, relying 
instead on the (little) help provided by the PI tool, elites widely exchange data with 
their trainers, making a practice of shared understanding visible, which helps them 
define their workouts. This aspect reflects the way Quantified Selfers discuss their 
data together, offering knowledge to others, while getting some in return [Sharon 
2016]. Coaches formulate hypotheses and guide the elite’s interpretative process, 
until she gains a sufficient understanding to almost act as a “peer”. 
Here, the interesting aspect is that the mutual exchange between athletes and 
coaches might be configured as different grades of hierarchical “power”. Amateurs 
who have a coach remain the “owners” of their data, being only in search for a 
sporadic support in order to translate them in effective workouts. However, they may 
remain in an “inferior” position with reference to the PI tool, given its presumed 
authority. Elites and coaches, instead, are almost peers regarding the gathered 
information: their ownership is shared equally between them and the meaning of the 
data is constructed through a continuous bidirectional exchange. In some cases, 
however, the coach may have a privileged or almost exclusive access to the athlete’s 
data, and be completely in charge of the interpretation process. In this perspective, 
therefore, knowledge means power, and it needs to be shared to establish horizontal 
relationships. By explaining the reasons behind their assignments, and by teaching 
athletes how to interpret their own data, coaches bring their position on the athlete’s 
level. This needs to be considered when designing PI tools aimed at substituting real 
coaches, or at addressing specific domains that might involve individuals at different 
degrees of interpretative power. 
 
5. DISCUSSION 
Studying a specific category of PI users, such as athletes, allows to see how PI tools 
might penetrate a given domain, with its own social structures and practices. Table 3 
presents a snapshot of the differences we discovered between amateur and elite 
athletes, as well as relevant related research within HCI. It shows that elites 
represent an idiosyncratic category of PI users, as they have well integrated self-
tracking into their practices. This, on the one hand, emphasizes that tracking might 
be appropriated by individuals who have their own situated goals and needs. On the 
other hand, it suggests that some “best practices”, carried out by certain individuals, 
can be translated to other categories of users, preparing designers to develop future 
tools addressing contexts with specific features, such as health, learning, and work.  
 
Table III. Comparison of our main findings with previous research 
Key points Amateur athletes Elite athletes Previous research 
Main 
motivations 
to track 
Improving 
performance, 
curiosity. 
Supporting 
sports 
practices, 
comfort. 
Behavior change [Li et al. 2010, 2011; Fritz et 
al. 2014; Choe et al. 2014]; remembering [Li et 
al. 2011]; goals, documenting, diagnosis, 
rewards, pure interest in technology [Rooksby 
et al. 2014];  behavior change, instrumenting 
an activity, curiosity [Epstein et al. 2015a]; 
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playfulness and curiosity [Rapp and Cena, 
2016]. 
Patterns of 
use 
Exploratory use: 
exploration of 
different data and 
correlations 
motivated by 
curiosity; 
elaboration on 
collected data 
Focused use: 
focus on  
specific 
parameters; 
little to no 
elaboration on 
collected data. 
Use of written charts or spreadsheets to better 
analyze the collected data [Li et al. 2010; 
Rooksby et al. 2014]; deep examination of the 
collected data and self-experimentation [Choe 
et al. 2014]; superficial exploration of data and 
willingness of immediately discovering useful 
or surprising insights [Rapp and Cena 2016]. 
Data and 
sensations 
Trust in the 
objectivity of the 
monitored 
parameters  
Preference in 
relying on 
subjective 
sensations 
Importance of feeling; the device may help in 
better understanding the feelings, since they 
are tied to physiological parameters, like heart 
rate [Tholander and Nylander  2015] 
Sharing Sharing with 
friends or 
significant others 
for fun or to 
reaffirm existing 
relationships. 
Public sharing 
to Social 
Networks to 
increase 
connections or 
convey a 
specific self-
image. 
Rooksby et al. [2014] noted that PI users track 
with families, friends and coworkers; Fritz et 
al. [2014] emphasized that long-term fitness 
trackers compare their data to motivate 
themselves or compete; Tholander and 
Nylander [2015] stressed that athletes are not 
interested in sharing. 
Coaching Self-coaching. PI 
tools do not guide 
them in the 
understanding of 
data. 
Trained by a 
professional 
coach. 
Athletes and 
coaches 
review the 
data together 
Amateurs’ coaches need to know contextual 
information to define the workouts [Wakefield 
et al., 2014]. 
 
A way to tie the results together is to highlight that elites are engaged in a highly 
structured sports practice, whereas the amateurs’ practise is much more “vague”. 
One of the key differences between elite and amateur athletes is the difference in 
clarity of goals. Elites have specific objectives to achieve (which might come, for 
example, from the coach) and know the precise “paths” to accomplish them, while 
amateurs do not show the same focus, apart from enjoying their training and 
challenging themselves. For elites, this implies routines, rules and tasks to be 
followed. Amateurs, instead, are less able to define goals, seeking help in their PI 
devices without finding any real support. Similarly, the elites’ sports experience is 
driven by more precise values than that of the amateurs. Understanding the body is 
an essential competence that is worth learning, despite all the efforts that it requires, 
and the imperceptible gains that it might provide in the short term. Amateurs, 
instead, do not know what is really worth attending to, and consequently are less 
capable of exploiting their data to improve themselves. Furthermore, elites are 
engaged in highly structured communities of practice, where roles (e.g. trainee-coach) 
and relationships (e.g. rivalry) are well defined. Amateurs, instead, are embedded in 
a much more blurred social context, where friends might become training 
companions, and coaches might not be stable reference points. These findings could 
orient the design of future PI tools for the amateur domain suggesting that trackers 
should provide more structure and guidance to amateurs’ experience. For example, 
they should recommend precise objectives to be accomplished as well as detailed 
ways to reach them. Moreover, they should highlight values to be pursued, and 
priorities to be considered, stimulating the user’s commitment to engage in 
overriding activities for their whole sports experience. Finally, they could provide a 
social space with technical support, where positions are clearly traced and athletes 
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can know whom to ask for help. By and large, these suggestions could work for every 
domain where a category of “inexperienced” individuals has to use PI data (e.g. 
patients that have to track body symptoms or physical activity but do not have a deep 
knowledge of their chronic condition). 
The successful use that elite athletes make of their self-tracking instruments 
points to further opportunities for PI design. On the one hand, it highlights that 
“expert” individuals have learnt to assign the “right role” to their PI devices, 
adapting them to their preexisting habits, as well as building use on their situated 
knowledge. This role is never predominant, and always serves their ends. On the 
other hand, it emphasizes that “inexperienced” individuals might give excessive 
importance to data, holding a misperception of the trackers’ limits and potentialities, 
ignoring especially the benefits they might provide. For PI research, this entails to 
move the practices in which self-tracking is situated, rather than data collection, 
management, and visualization issues, to the foreground,. Making data more 
understandable [e.g. Epstein et al., 2014] might not be sufficient if “amateurs” are 
not taught when they should use them. This would mean to design PI tools that do 
not aim to pervade the user’s activity in a certain context, but are capable of 
recognizing when they are not necessary, or even counterproductive to the users’ 
values and goals. This would imply to design also for non-use [Satchell & Dourish, 
2009], for example by introducing self-inhibiting options to prevent the use of certain 
functions at a certain time [Pierce, 2012]; or by exhibiting limits and impossibilities, 
rendering clear when individuals need to rely on other means to achieve their goals.  
In the next Section we will proceed to outline more articulated design suggestions 
to improve the design of PI instruments addressed to the sports context, and, more 
generally, to specific situated practices. 
 
6. CONSIDERATIONS FOR DESIGN 
The following design considerations do not focus on technical aspects and are kept on 
purpose at a high level of abstraction so that they can be used even in contexts that 
do not pertain to sports. We want to outline different perspectives, both theoretical 
and practical that may open new opportunities for PI designers, more than specific 
design guidelines. 
 
6.1 Design for learning 
Over the years, the PI debate has been largely dominated by an emphasis on the 
intrinsic value of data, which could be extracted through a thorough examination of 
correlations among variables, regardless ofthe wider context where they were 
collected [Rapp et al., 2016, 2017]. Recently, Rooksby et al. [2014] argued for a 
description of people’s real practices when tracking data, whereas Nafus et al. [2016] 
stressed that designers should carefully consider the fundamental unpredictability of 
what people see in their data. Despite the increasing attention to the situatedness of 
data usage, studies exploring how PI tools can help people learn to integrate data 
into their practices are still rare. 
In this regards, we want to emphasize that people can better exploit PI tools for 
their own purposes when they bear a deep knowledge of the practice in which they 
are situated. Instead of providing mere numbers, the device should favor the 
development of such knowledge in less “expert” individuals. In doing so, PI could rely 
on constructivist approaches for learning, which emphasize the need for e.g. building 
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on real life experience [Jonassen, 1994], creating a safe environment for learners to 
express themselves freely [Hamilton, 1996], or involving collaboration with more 
capable peers [Huang, 2002].  
The PI instrument should help “amateurs” formulate hypotheses about their data, 
supporting them in developing an interpretative competence. For example, it could 
prompt different explanations accounting for a certain data value or trend, each with 
its own degree of probability, calculated on contextual factors and the athlete’s 
history (e.g. weather, previous workouts, presumed exertion, similar situations). 
Moreover, it could highlight anomalies in the data that do not fit with the athlete’s 
trends, also proposing not to consider them when a likely explanation is not available. 
It could also suggest ways to put into test such hypotheses. This may shift people’s 
attention from numbers to the experiences and reasons that generated them. Karkar 
et al. [2016] noted that patients with Irritable Bowel Syndrome come to learn their 
potential triggers through trial and error, and proposed an application that 
automates experiment design and suggests a study plan to test hypotheses. This 
shows that this approach could be applied even in domains other than sport. 
Drawing on Schön’s notion of reflective practicum, Slovak, Frauenberger, and 
Fitzpatrick [2017] stressed that designers should scaffold the learning process to 
facilitate reflection around experience. In this perspective, the PI instrument may 
directly act as a “trainer”, taking inspiration from how real coaches instruct elites. 
For instance, the PI tool should avoid to simply present training recommendations 
(e.g. “You should rest for 24 hours”). On the contrary, it should 1) explain the reasons 
that rest behind such suggestions (e.g. “Because this week you trained for ten hours, 
and when you did so you got very tired”); 2) give suggestions triggered by the 
amateurs’ current condition, pointing to how their behavior works or not, and to 
alternative solutions; 3) provide “simulations” where amateurs can experiment elites’ 
experiences and see how they might achieve short-term and long-term goals; 4) make 
their progresses more visible, for example with reference to the process of developing 
their body knowledge, or by fostering their motivation to gain such knowledge, e.g. 
exploiting gamification techniques designed to elicit intrinsic motivation [Rapp, 2017]. 
Slovak et al. [2017] further emphasized the role of the mentor and peers in 
scaffolding the learning processes. PI tools may then support the admission of 
amateurs into elites’ communities of practice, by creating online communities where 
less expert users can learn from expert ones. This might be achieved by designing 
small and “safe” groups of discussions, where people would be more inclined to 
publicly share their doubts or to listen to others, or by leveraging mechanisms of 
mentorship. PI systems, then, could provide support to the mentors themselves so 
that their advices may become more effective [Slovak et al., 2017]: for example, elites 
could be instructed with the amateurs’ needs and habits, or prompted with questions 
to guide their interaction with them. At the same time, PI tools could shape the 
amateurs’ experience around post-training debriefs with elites. 
 
6.2 Design for the living body 
Within the common rhetoric of PI, numbers appear scientifically neutral compared to 
the less reliable data that one’s instincts or physical sensations may generate 
[Lupton 2014]. Our findings, instead, show that elite athletes learn to distinguish 
when it is appropriate to rely on PI data, and when they need to trust their own 
sensations. These opposite perspectives somehow mirror the current contrast 
between the dominant framework employed in PI, focused on behavior change and 
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effectiveness, and the phenomenological approach that is starting to be considered in 
PI research [Ayobi et al. 2016]. Building on the work of Rooksby et al. [2014], Epstein 
et al. [2015a] first proposed to shift the focus of PI from behavior change to how the 
tracking practices are experienced in everyday life. Elsden et al. [2016], then, 
reaffirmed the need of analyzing how PI data are made accountable in people’s daily 
routines; whereas Ohlin and Olsson [2015a] and Rapp and Tirassa [2017] explicitly 
argued in favor of framing PI technologies within a phenomenological framework. 
Phenomenology has been proposed within HCI as a lens through which to look at the 
body [Svanæs 2013]. The lived body, as defined by Merleau-Ponty [1962], is the body 
as experienced by a person as herself, which points to the importance of the feeling 
dimension in the user experience [Svanæs 2013]. 
Following these insights, we suggest framing the athlete’s body in a 
phenomenological perspective, as a living body (recalling Merleau-Ponty’s definition), 
that is the body experienced from a first-person point of view. By exclusively 
providing quantitative information, self-tracking devices risk to transform the 
natural regulative process of the body into a merely intellectual activity, where the 
body is tuned by the athlete through continuous, data triggered, rational choices (e.g. 
looking at the current number displayed by the device, and then deciding to increase 
or reduce the power until the target number is met). This implies a third-person 
perspective on the athlete’s body, valuing its exogenous adjustment.  
The living body, instead, calls for the exploration of novel interaction modalities 
that support its internal regulative mechanisms, which are subjective and visceral. 
For instance, the device may exploit channels that directly talk to the body, by 
leveraging sounds, tactile feedback, or heat; or it may recommend that athletes pay 
more attention to certain sensations that they are experiencing, for example by 
amplifying their bodies’ sensations, or by representing them metaphorically. This 
would more strictly tie the tool to the athlete’s body, allowing for the incorporation of 
the instrument into one’s own body schema, i.e. the way we represent the body to 
ourselves: in other words, PI tools would become ready-to-hand prostheses 
[Heidegger, 1927/1990; Svanæs 2013], extending the body capabilities instead of 
substituting them. 
A phenomenological perspective also entails that what the body perceives is not 
abstract objects or dematerialized information, but subjective, embodied meanings. 
Designers could also experiment new ways to present the collected data, by providing 
evocative images of the body’s performance (e.g. by using avatars), instead of mere 
analytical information. Such solutions could also restore a “romantic” take on the 
sports experience, and help amateur athletes learn to listen to their body. Moreover, 
PI tools could support athletes in easily annotating their digital data with the bodily 
sensations felt during a race or a workout. On the one hand, this would help those 
athletes who are now used to keep notes on paper diaries, by saving this important 
information. On the other hand, it would help amateurs reflect on their body 
sensations, transforming them into meanings to be remembered, making the data 
more “qualitative”.  
 
6.3 Design for self-presentation 
The entire discourse of PI revolves around the concept of self-knowledge, which 
entails the idea that personal data might render the “true” nature of the individual 
visible. The Quantified Selfers’ practice of self-experimentation [Choe et al. 2014] is 
precisely aimed at using data to isolate the “real” factors that may affect a certain 
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condition (physical or psychological). In this perspective, quantitative data appear 
exact [Lupton 2014]: they do not lie, unless the collecting instrument is inaccurate. 
This explains the many concerns for accuracy within PI research [Kay et al. 2013; 
Mackinlay 2013; Yang et al. 2015].  
 The results of this study somehow suggest to reverse this assumption, namely 
that trackers should always serve the “truth”. As a matter of fact, they might be even 
call for concealment or deception. Deception has been studied within HCI, being 
traditionally seen under a negative light. Research focused on eradicating malicious 
interfaces [Conti and Sobiesk 2010] and recommended not to “lie to the user” [e.g. 
Rubinstein and Hersh 1987]. Recently, HCI community recognized that designers 
may be allowed to design for a benevolent deception [Adar et al. 2013], and that 
people commonly modulate what they share online [Hancock et al. 2009]. Van Kleek 
et al. [2016] explicitly argued for a design capable of assisting users in pro-social 
forms of online deception. O’Kane, Rogers, & Blandford [2015] noted how people can 
hide their health tracking devices in uncertain social situations or show them off to 
achieve a purpose, framing these phenomena in Goffman’s theatre metaphor of 
onstage and offstage behavior [Goffman, 1959]. From this point of view, “deception” 
may be better framed within the concept of “self-presentation”.  
PI tools could provide features that allow athletes to use their data to convey 
different images of themselves, depending on their goals: when they are used 
“onstage” they should be seen more as building blocks for identity construction, 
rather than cues for increasing self-knowledge. For example, elites could be 
supported in the management of their own personal data, omitting certain data types 
(e.g. their heart rate) or specific data sets, and even “falsifying” certain data values, 
when addressed to their competitors. A more inflated representation of themselves, 
supported by a “bettered” version of their data, could be shared on social network 
sites for a broader audience, when the aim is to gain new followers or to create a 
positive narrative about the athlete. For amateurs, instead, self-presentation 
mechanisms could be exploited for fun or to joke with the significant others with 
whom they share their passion for sports, thus creating an intimate environment. In 
this perspective, PI data could be used for the creation of multiple identities with 
different degrees of adherence to the “true self”, and athletes could be provided with 
a greater control on them. PI systems might then facilitate the management of such 
identities, for example, by allowing users to set default rules about what kind of data 
are to be shared, in which form, and with whom, and by broadcasting various forms 
of the same data at once, depending on the audiences they are addressed to.  
A modified presentation of the user’s self could also be used to help athletes 
achieve their sports objectives. For example, the system could prompt the athlete 
with an “enhanced” version of her data just before an important race, in order to 
depict a more positive view of her physical condition. This could be of help when the 
athlete risks being demoralized, by seeing, for instance, that in her last workouts she 
did not achieve her usual results. By contrast, when she becomes overconfident in 
her performances, the system could provide her with a pejorative version of her data, 
in order to motivate her to put more effort in training. When designing for self-
presentations, however, designers should be aware of its ethical consequences: 
allowing people to present a modified image of themselves might jeopardize the 
trustworthiness of PI data.  
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6.4 Design for shared knowledge 
Although data collection and interpretation is often framed within an extremely 
individualistic point of view in Quantified Self (QS) rhetoric [Ruckenstein and 
Pantzar 2015], QS communities grow around the members that share their data, 
creating a circumscribed space where individuals exchange different perspectives on 
how to achieve their own goals [Barta 2016]. Research has shown that reviewing PI 
data socially supports reflection and sense making, helping users to contextualize 
what they collected [Fleck and Harrison 2015]. Our findings showed, in this regard, 
that elite athletes exchange perspectives on their data with their coaches to gain 
insights about their performances. 
In this consideration, we emphasize the opportunity to design for the social 
interpretation of data. Many PI applications for fitness and sports try to help users 
make their data actionable, by providing features that automate the definition of 
personalized training programs. In order to conceptualize the relationship between 
PI systems and humans, Ohlin and Olsson [2015b] identify different possible levels of 
cooperation, ranging from human-driven cooperation, in which users act with PI 
systems to reach their goals, to computer-driven cooperation, where the system 
initiates the interaction. While PI tools proactively support amateurs that do not 
have a coach, elites mainly value other humans, namely their coaches, when 
interpreting their data.  
In this context, a PI instrument may act as a mediator for the social 
interpretation of the collected data, providing space for social interactions that 
privilege a dyadic relationship and support the development of shared knowledge. 
Athletes and coaches, for instance, could be both allowed to manipulate and comment 
the collected data, working together to find and shape the relevant meanings for the 
athlete’s performance. Moreover, PI tools could enable coaches to display and analyze 
the athlete’s data almost in real-time, providing a communication means to remotely 
intervene on her ongoing performance. To reduce power asymmetries, PI systems 
could allow users to set rights and privileges on the collected data. This point could 
be relevant for all the interactions where different roles are required for the 
management of personal information, for example between doctors and patients, as 
well as between workers and employers. 
 
7. CONCLUSION 
In this article we made three key contributions. The first contribution is to highlight 
how amateur and elite athletes differently use and make sense of PI instruments, 
exploring how personal data can be integrated into a specific domain. The second 
contribution refers to the four themes emerged from the analysis of our findings: they 
highlighted that PI tools do not allow amateurs to construct a deep knowledge of 
their sports practice and also may risk to mechanize the human body, while at the 
same time they might provide ways to mediate the relationship between the athletes, 
their public and their coaches. The last contribution lies in the design considerations 
we outlined, which are addressed to the sports domain, but might be applied, with 
appropriate adjustments, also to other specific contexts. For example, the idea of 
providing an “enhanced” version of the data on the user’s past performances could be 
employed in the learning domain, when the goal is to encourage the learner facing an 
exam, by enhancing her self-confidence. 
We are aware that our results could also lead to different implications. For 
instance, the differences we found between amateur and elite athletes could yield 
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opportunities for designing tools for different levels of eliteness, carefully adapting 
the devices’ interaction modalities to the athlete’s expertise. This might elicit new 
reflections on how we could design more personalized PI tools. However, in this work, 
we decided to focus on the themes that we believe are more relevant in order to 
account for how athletes make sense of PI data.  
A limitation of this study is that we proposed only the athletes’ perspective 
without involving other relevant actors that may intervene in the practice of a sport. 
For example, we did not interview coaches. A further development of this work could 
then be a thorough comparison between the athletes’ and the coaches’ point of view. 
Another limitation is that we did not implement our considerations, thus they are not 
tested “on the field” yet. Following Hekler et al. [2013], we present these 
considerations as “design hypotheses”, which will require further evaluations to 
prove their validity. We hope that this work will benefit both designers and 
researchers, raising awareness on the ongoing transformations that the increasing 
availability of personal data is producing on sports, and, by and large, on everyday 
life. 
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